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Abstract. We consider the problem of reconstructing a H x W x 31 hy-
perspectral image from a H x W grayscale snapshot measurement that
is captured using only a single diffractive lens and a filterless panchro-
matic photosensor. This problem is severely ill-posed, but we present
a model that produces high-quality results in simulation and experi-
ment. We make efficient use of limited training data by creating a con-
ditional denoising diffusion model that operates on small patches in a
shift-invariant manner. During inference, we synchronize per-patch hy-
perspectral predictions using guidance by physical consistency with the
system’s optical point spread function. Our experiments reveal that the
patch size can be as small as the point spread function, with local optical
cues being the main source of information about complete spectra. Also,
by drawing multiple samples, our model provides per-pixel uncertainty
estimates that strongly correlate with reconstruction error.

Keywords: Computational Imaging - Hyperspectral Imaging - Diffusion
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1 Introduction

Snapshot hyperspectral cameras capture detailed spectral information about a
scene at a single moment in time. They offer a richer representation than stan-
dard RGB images and are useful for scientific detection and classification. Gen-
erally, these cameras have two coupled components: an optical assembly that en-
codes spatial and spectral information onto a photosensor, and a digital decoder
that reconstructs the hyperspectral image (HSI) from the resulting measure-
ment. To better condition the reconstruction problem, existing snapshot designs
typically use one or more of the following strategies [12]: complex, multi-stage
optics; color filter arrays on the photosensor; and/or photosensors with more
pixels than the intended HSI spatial resolution.

In this paper, we explore a minimalist snapshot scenario that is less well-
posed and largely underexplored. Our goal is to reconstruct a H x W x 31 HSI
using only: (%) a filterless panchromatic photosensor with H x W pixels, the same
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Fig. 1: Forward optical model and flat optic designs.

number of measurement pixels as output pixels; and (i) a single flat optic lens,
such as a diffractive optical element or a metalens. This scenario is interesting
because it could enable a new class of snapshot hyperspectral cameras with
distinct trade-offs between optical and computational complexity. Using a single
flat optic improves compactness, and removing spectral filter mosaics on the
sensor increases light throughput and avoids interleaved sub-sampling.

We can design the flat optic to induce purposeful chromatic aberration that
mixes spatial and spectral information into the filterless measurement, as shown
in the top of Fig. [Ta] However, reconstructing the HSI from this mixture is
severely ill-posed. It requires an effective prior from a deep learning model, but
this is hard to train because, compared to RGB images, ground-truth hyperspec-
tral images are relatively scarce. Patch-based generative diffusion models have
recently emerged as a promising solution for learning strong priors from small
datasets , but conventional patch-based processing is particu-
larly difficult to apply here. As shown in the bottom of Fig. [Ta] the measurement
is formed by convolution with an optical point-spread function (PSF) with a spa-
tial extent that is comparable to the patch size. This means that a significant
amount of the target hyperspectral signal is scattered outside of its correspond-
ing measurement patch (red square), making per-patch reconstruction very am-
biguous. As far as we know, no prior patch-based approach to reconstruction,
diffusion-based or otherwise, has been shown to have success in these conditions.

We address this challenge and introduce a patch diffusion model that succeeds
at our task. We overcome the ambiguity associated with patching by adopting
global diffusion guidance during inference, where patches are iteratively denoised
in parallel and then assembled into full-sized HSIs that are forced to be optically
consistent with the full-size measurement. We find that this resolves patch-based
ambiguities and provides better results than any previous model applied to our
task. Like any patch-based approach, our model has the advantage of being
able to operate on any image size once it is trained, and we also find that it
provides useful per-pixel uncertainty estimates for its spectral predictions that
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strongly correlate with reconstruction error. We extensively evaluate our method
in simulation and provide an experimental prototype as a proof-of-concept.

2 Related Work

Training diffusion models on image patches substantially reduces data require-
ments. Unconditional patch models can generate high-quality RGB images from
as few as 5K samples [43], and patch-based diffusion has been applied to in-
verse problems including deblurring [21] and deweathering |52 using comparably
small datasets. However, these works consider spatially compact degradations.
We show that patch-based diffusion can handle very large degradation kernels
by leveraging inference-time guidance.

In aerial remote sensing, where large hyperspectral datasets exist, uncon-
ditional diffusion models have been trained from scratch to learn representa-
tions for classification [8l[38]. For natural scenes, datasets are far smaller—
ARADIK 2|, for example, contains only 950 HSIs—and existing methods in-
stead rely on frozen, pre-trained RGB diffusion models for plug-and-play HSI
restoration [35L|49] or compressed sensing [34]. In contrast, we train conditional
hyperspectral diffusion models from scratch on natural scene patches, learning
spatial-spectral patch priors without overfitting to the small available datasets.
To our knowledge, similar models have not been explored in this context.

Recovering a HSI from a single unfiltered measurement has traditionally
required complex optical assemblies. CASSI [31}|41], for example, uses coded
masks, dispersive elements, and oversized photosensors (e.g., H x (W+30) mea-
surement pixels for an H xW x31 output). Other approaches rely on spectral
filters such as RGB Bayer patterns [1}[2,/5,[50] (sometimes paired with diffrac-
tive lenses [24,30L/51]) or optimized color filter arrays [27},132,|33}/37]. However,
spectral filters discard a large fraction of incoming light—a Bayer mosaic, for
example, captures only one of three color channels per pixel. Our approach re-
quires neither multi-component optics nor spectral filters: we place a single flat
diffractive lens in front of a bare panchromatic photosensor and rely on a strong
diffusion-based decoder to recover the HSI. Concurrently, Liu et al. [29] explore a
similar, filterless reconstruction problem but using a SLM-based optical encoder,
providing further evidence that this problem class is tractable.

Additionally, we leverage our diffusion model to produce uncertainty esti-
mates for predicted spectra. Concurrent work from Romero et al. [36] also ex-
plores uncertainty quantification in HSI reconstructions using diffusion posterior
sampling, though applied to RGB inputs.

3 Methods

Let x € RHO W' € denote a hyperspectral image (HSI), representing the far-field
scene’s undistorted spatial-spectral radiance mapped to the photosensor plane
by an ideal lens focused at infinity. This representation accounts for geometric
magnification and spatial discretization to the sensor’s pixel size. We define the
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associated measurement y € RHOW that is induced by a diffractive lens using
the element’s wavelength-dependent point-spread function (PSF) f(u, v, A) as

X
y(“?”):M(X): 0()‘) : f(u7v7>‘)(u’fv)x(uava)‘)7 (1>

where * denotes 2D convolution over the spatial dimensions and o(A) corre-
sponds to the spectral response of the photosensor. Throughout, we assume that
the PSF is shift-invariant. A measurement is thus a non-invertible linear op-
tical encoding of a 3D hyperspectral cube to a 2D image. Our objective is to
model the conditional distribution p(X | y) and to sample hyperspectral images
X that are consistent with the observed measurement y. We do this by training
a patch-based diffusion model and introducing a guided sampling algorithm that
synchronizes patch predictions into measurement-consistent full-field HSIs.

3.1 Optical Encoding

In our experiments, we test the eight point-spread functions (PSFs) shown in
the middle row of Fig. to understand what type of optical encoder is most
effective for our task. These PSFs vary in the extent to which they spread spec-
tral information across space, producing differently-blurred measurements. More
concentrated PSFs (left) produce sharper images that preserve spatial detail but
encode spectral information less effectively than more dispersive PSFs (right).
Because reconstruction requires both high spatial and spectral accuracy, it is not
obvious which type of PSF will perform the best in our filterless scenario.

All of these PSFs can be physically realized using a diffractive lens known
as a metalens—a transparent glass sheet patterned with nanoscale cylinders of
equal height and varying widths |2526]. The radius of each nanocylinder controls
the local phase-delay, and each of the PSFs results from a different arrangement
of radii (top). We design a subset of the lenses, labeled with prefix “S”, using
spatial multiplexing to produce a quasi-stationary, multi-foci effect |3]. The other
lenses, labeled with prefix “T” or “R”, are designed using angular multiplexing to
produce PSFs whose focal spots shift or rotate as a function of wavelength. The
designs for “R2” and “R3” have been used previously for RGB-to-hyperspectral
imaging and follow from [24]. The PSF for each lens is computed using a wave-
optics simulator |4}/16}/17]. See Supp. Sec. S1 for more details.

3.2 Denoising Diludion on Patches

We use a conditional denoising diffusion model 18| to sample from p(X|y). The
forward process corrupts a clean HSI Xo with Gaussian noise ~ A(0,1) ac-
cording to Xt = \/ouXo + /1 — ot , where oy is a variance schedule. A network

(Xt,t;Y) is trained to predict from the noisy sample X at timestep ¢, condi-
tioned on the measurement y, by minimizing Ex,.c:t || — (Xt,t;Y)||? . Samples
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Fig. 2: Overview of the guided sampling pipeline. The input measurement is split
into patches, each concatenated with a noise sample and denoised. Intermediate patch
predictions are stitched into a full-field HSI and passed through the forward model
to compute a guidance gradient, which updates all patches before the next reverse
diffusion step. Multiple runs with different random seeds yield per-pixel uncertainty.

are drawn via the reverse process |40]:

Xt — V1 —ay

Xo(Xt) = ——————,
var 2
Xt 1=+ar 1Xo(Xt)+ l—ar1—0f +w,

where W ~ N(0,0%1) and o¢ controls stochasticity. The intermediate estimate
Xo(Xt) plays a central role in our guided sampling procedure (Sec. .

Rather than denoising full HSIs at once, we model the conditional distribu-
tion at the patch level. Because the PSF support is comparable to the patch size,
each measurement patch contains signal from neighboring HSI regions while also
losing signal scattered to adjacent patches (Fig. . Despite this crosstalk, we
find that a patch-based diffusion model can learn a prior that compensates for the
ambiguous information at patch boundaries. For training data, we use captured
HSIs from a ground truth hyperspectral camera and pre-render the correspond-
ing measurements via Eq. . We then train our models using pairs of patches
(X(()') ,y®M) randomly cropped from the full-field HSI-measurement pairs. We im-
plement conditioning through concatenation, as shown in Fig.[2] Each patch pair
is max-normalized prior to training (see Supp. Sec. S3.2); the resulting per-patch
scale ambiguity is resolved during guided sampling as described next.

3.3 Sampling with PSF Guidance

Applying the denoising formulation in Eq. to patches produces hyperspectral
patch predictions f((()i) at intermediate time steps t. We use these predictions to
guide the denoising step and impose additional constraints when sampling X,Ei)l
from Xgi) . In particular, we enforce that all intermediate hyperspectral
patches stitch together into a full-field HSI that is optically consistent with

the full-field measurement. Pseudo-code is provided in Supp. Sec. S3.3; here
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we summarize the key steps. Throughout, we use superscript p to denote a p-
element collection of patches, e.g. X{ = {Xg')}?zl and define a Stitch(-) operator
that combines those patch estimates into a single full-field HSI. The operator
M(-) refers to the measurement operation in Eq. .

During deployment, we split the full-field measurement Yy into non-overlapping
patches YP, each concatenated with a per-patch noise sample X-'|)- . We then process
these patches in parallel through a denoising step to obtain the intermediate de-
noised estimates f(g. Next, we stitch those estimates into a full-field HST and pass
it through the measurement operator. Because each patch is max-normalized
during training, the denoised estimates are accurate up to an unknown per-patch
scale. We recover these scales by solving the least-squares problem,

(= argmin | M(Stitch(e? - xB() - . 3)
which admits a closed-form solution and is computed in a single pass. With the

scale factors fixed at Cqu: we define a guidance loss over the patch states to
measure consistency with the full-field measurement,

L(XF,y) = [ M(Stitch(cRq - X0(F))) = II*. (4)

This loss provides a gradient-based correction to all patch states, applied via the
modified denoising transition,

Xp = Xg —nVxr L (X&():/I)/ Vi L (X¢,Y) (5)
Xflzw/at 1)?8()??)—}— 1—at 1 — 0 +uwP, (6)

where X{ and ti , are the updated patch states. We repeat the gradient step in
Eq. multiple times before the denoising step in Eq. @ Fig. |2 provides an
overview of the entire sampling pipeline.

Finally, by varying the initial noise samples X?, we obtain multiple plau-
sible HSIs from the same measurement. We quantify spectral uncertainty by
computing a per-pixel variance map from N draws,

X
Uncertainty =  Var {Xo}%; . (7)

4 Simulation Results

We first evaluate our reconstruction algorithm in simulation. We use the ARAD1K
dataset |2| with a standard 900/50 train/test split, reconstructing 31 spectral
channels uniformly spanning 400-700 nm. Unless otherwise stated, we resize HSIs
to 256 x 256 pixels, matching the resolution used by competing approaches;
these methods process full-field measurements through a single network and can-
not easily scale higher. Our patch-based model does not share this limitation.
Grayscale measurements are rendered using the R1 PSF, which yielded the best
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Table 1: Filterless recon-  Table 2: Model ablations.  Table 3: Lens com-
struction on ARAD1K using Yuses overlapping patches parison.

the R1 PSF. Metrics: (S)AM, with a stride of 32 pixels designs from [24]
(SS)IM, (P)SNR.

Patch Resc/Guid SS*" P "

Model s# ss" p-" 64 373 094 347 lens S# SS" P"
ours 0.11 094 346 64 s/7 092 322 AIF 020 0093 2938
ours (no guid) 0.4 092 3232 64 3/3 095 348 S1 017 093 31.1
UNet-Regress.  0.15 0.83 29.12 64" 37 0.93 33.0 S2 015 094 331
SST [28] 0.15 0.90 318 32 373 093 333 S4 013 094 344
SPECAT [44] 0.18 0.84 29.6 32 3/7 087 293 T4 011 094 346
MST [5] 0.17 0.87 298 64 773 002 318 R1I 011 095 350

In2Set [42] 0.18 0.86 30.1 64 77 0.86 27.5 R2 011 0093 34.0
DAUHST [6]  0.17 0.86 29.7 R3 012 093 341
DGSMP [23]  0.16 0.88 30.0

HDNet [22] 017 0.86 29.3

TSANet [31] 0.20 0.87 29.2

empirical performance (Sec. 4.4). We train on 64 64 patches and sample using
20 DDIM steps and 20 guidance iterations (Sec. 4.3). We report SSIM, PSNR,
and SAM [47] averaged over full- eld reconstructions. Additional architecture,
training, and inference details are provided in Supp. Sec. S3.

4.1 Comparison to Other Models

We compare our patch-based di usion approach to eight state-of-the-art hyper-
spectral reconstruction models [5,6,22,23,28,31,42,44] that map xed-resolution,
full- eld measurements to full- eld HSIs. As no prior models exist for our single-
optic lIterless setting, these represent the closest available baselines from related
but better-conditioned snapshot HSI tasks. We train all models from scratch on
our rendered measurements following their original training procedures, making
only minimal modi cations where necessary, e.g. replacing their forward/adjoint
operators with our measurement function and changing the number of output
channels. In Supp. Sec. S4.2, we repeat this comparison using RGB Bayer- Itered
measurements, where our method also achieves the best performance.

The lterless results are shown in Tab. 1 and visualized in Fig. 3, with addi-
tional visualizations in Supp. Sec. 4.5. Our model achieves an average PSNR of
34:63dB, surpassing the next best method by 2:86 dB. We also obtain a higher
SSIM (0:94 vs. 0:90) and a lower SAM (0:11 vs. 0:15), re ecting more accurate
per-pixel spectral predictions. For comparison, we also train our model's UNet
backbone as a single-shot reconstruction network using a standard MSE regres-
sion loss on the full HSI instead of patches ( UNet-Regress in Tab. 1). This
variant under-performs all models, suggesting that our gains come not from in-
creased backbone capacity but instead from our patch-based di usion. These
results also suggest that focusing model capacity on local optical cues in patches
while enforcing global consistency through guidance is more e ective than pro-
cessing the entire measurement with a larger receptive eld.
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